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Medical large language models can answer patient questions fluently while
remaining unreliable about urgency, uncertainty, and safe escalation. This study
evaluated a risk-controlled post-generation architecture on HealthBench 2025,
comprising 5,000 physician-annotated medical conversations, 57,237 weighted
rubric criteria, 4,206 physician ideal responses, and 11,112 stored answers across
2,778 four-candidate cases. The architecture combined a word-level triage classifier,
fold-local rubric retrieval, a word—character-retrieval ensemble with temperature

scaling, deterministic answer reranking, triage-policy self-verification, selective
escalation, and patient-facing evidence cards. Five-fold out-of-fold evaluation on
453 physician-labeled emergency-referral cases produced a macro-F1 of 0.645 for
the self-verified ensemble versus 0.620 for direct TF-IDF; expected calibration error
fell from 0.126 to 0.058, and under-triage fell from 18.5% to 16.1%. At a 0.70
confidence threshold, coverage was 32.0%, selective risk was 22.1%, and urgent-
route recall reached 98.1%. On the 2,778 candidate-selection cases, rubric-RAG
raised weighted rubric-alignment coverage from 0.801 to 0.845. Self-verification
preserved 0.845 alignment while reducing the response-level triage-policy error
proxy from 53.8% to 42.3%. The results show that retrieval improves content
coverage, whereas a distinct safety check is needed to convert content quality into
safer disposition behavior. Confidence-aware abstention and concise evidence cards
provide an auditable interface for patient-facing use, while the remaining
uncertainty supports clinician oversight rather than autonomous deployment.
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1. Introduction

Large language models (LLMs) have moved rapidly from medical examination questions to patient communication, clinical
documentation, and diagnostic support. Medical-domain studies show substantial gains in encoded knowledge and question
answering (Singhal et al,, 2023; Singhal et al., 2025), and patient-facing evaluations have reported strong ratings for response
quality and empathy (Ayers et al., 2023). These advances do not by themselves establish safe triage. A response can be factually
plausible, courteous, and complete while placing urgent referral language too late, omitting a red-flag condition, or expressing
confidence that is poorly related to correctness. Realistic clinical decision studies continue to expose such gaps (Hager et al,
2024).

Triage is a particularly demanding test of medical Al because the cost of an error is asymmetric. Over-referral consumes scarce
emergency capacity, but under-referral can delay time-sensitive care. Earlier symptom-checker audits therefore treated
disposition advice as a separate outcome rather than a by-product of diagnostic accuracy (Semigran et al, 2015). The same
principle applies to generative systems: answer quality, risk discrimination, confidence calibration, and the decision to defer
should be measured independently. Metacognitive failure remains a documented weakness of medical LLMs (Griot et al., 2025),
which makes an explicit verification layer more defensible than relying on the model's own verbal confidence.

HealthBench supplies a suitable empirical basis for this question. The benchmark was designed around realistic, frequently multi-
turn health conversations and physician-authored, case-specific weighted rubrics (Arora et al.,, 2025). Its public release provides

1 © 2026 The Author(s). This open access article is distributed under the terms and conditions of the Creative Commons Attribution-NonCommercial-
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5,000 conversations spanning communication, context seeking, emergency referrals, health-data tasks, complex responses,
hedging, and global health (OpenAl, 2025a; OpenAl, 2025b). Unlike benchmarks that collapse quality into a single generic score,
these rubrics make it possible to study which expected behaviors are covered, which harmful behaviors appear, and how
performance changes across themes and evaluation axes.

This study asks whether a deterministic post-generation control system can improve both content selection and triage safety
without generating new clinical prose. Four stored historical answers were available for 2,778 conversations. We compared a
fixed direct-selection baseline with rubric-aware retrieval, then added an out-of-fold triage-policy check, calibrated confidence,
and selective escalation. The selected answer was paired with a compact patient-facing evidence card that states the triage
route, describes the verification process, and lists three matched physician-authored response checks from independent retrieval
cases. This design separates the clinical answer from the control information needed to interpret and route it.

2. Literature Review

2.1 Medical foundation models and realistic evaluation

Medical foundation models are increasingly assessed across factuality, harm, bias, usefulness, and human preference rather than
examination accuracy alone. Med-PalLM established a broad medical question-answering baseline (Singhal et al.,, 2023), while
later work moved toward expert-level answers through instruction tuning, retrieval, and physician-based assessment (Singhal et
al., 2025). Patient communication studies also distinguish quality from tone (Ayers et al., 2023). A literature-derived framework
consequently organizes healthcare LLM review around quality, reasoning, expression, safety, and trust rather than one aggregate
judgment (Tam et al., 2024).

Safety evaluation also needs failure-oriented measurement. Clinical decision-making experiments demonstrate that strong
benchmark performance can degrade in realistic workflows (Hager et al., 2024). Medical summarization research separately
measures hallucination severity and clinical safety (Asgari et al., 2025). HealthBench responds to these concerns with physician-
written, instance-specific rubrics and deliberately diverse conversations (Arora et al., 2025). Its weighted criteria support granular
analysis, but the official framework relies on a model grader; a transparent content-coverage proxy is therefore useful for
examining deterministic reranking while preserving a clear distinction from the official score.

2.2 Calibration, selective prediction, and triage risk

A clinically useful confidence value must correspond to observed performance. Post-hoc temperature scaling remains a strong
baseline for correcting overconfident neural probabilities (Guo et al.,, 2017), and language-model question answering has shown
that calibration must be evaluated explicitly rather than inferred from likelihood alone (Jiang et al.,, 2021). Semantic uncertainty
provides an additional signal for hallucination detection (Farquhar et al., 2024). In the present setting, calibration is operational:
confidence determines whether a triage prediction is accepted or routed for review.

Selective classification formalizes this decision through the risk—coverage trade-off: a system answers fewer cases as its
confidence threshold rises, and risk is computed among the retained cases (Geifman & El-Yaniv, 2017). Adaptive conformal
classification offers finite-sample marginal coverage (Romano et al, 2020). The present experiments use fixed confidence
thresholds rather than claim conformal coverage. This simpler design directly tests the clinically relevant routing question: when
a low-confidence case is treated as an escalation, how much urgent-case recall is preserved?

2.3 Retrieval and self-verification

Retrieval-augmented generation grounds a model in external material at inference time (Lewis et al., 2020). Medicine-specific
benchmarking shows that retrieval configuration and evaluation choices materially affect performance (Xiong et al., 2024).
HealthBench permits a related but narrower strategy: retrieve physician-authored rubric patterns from independent Group 1
cases, then use those patterns to rank four already-written answers. Because no new clinical text is generated, changes can be
attributed to selection rather than decoding.

Retrieval alone cannot guarantee safe behavior. Self-RAG combines retrieval with explicit reflection signals (Asai et al., 2024).
Chain-of-verification separates an initial response from targeted checks (Dhuliawala et al.,, 2023). These approaches motivate the
architecture tested here, but the safety signal is external to the selected answer: an out-of-fold triage model checks whether
each candidate contains the referral behavior required by the predicted urgency class. This avoids treating fluent self-critique as
proof of clinical reliability.

2.4 Medical VLMs, explanations, and patient-facing cards

Medicine is intrinsically multimodal. Med-PaLM M demonstrated a single model across clinical language, imaging, genomics,

visual question answering, and radiology report generation (Tu et al.,, 2024). Work on Flamingo-CXR then showed that medical
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VLM evaluation benefits from radiologist error correction, multiple clinical settings, and an assistive human-Al workflow (Tanno
et al, 2025). These findings matter even for a text-only triage study. A future image explanation card must connect visual
findings, textual recommendations, uncertainty, and referral action without implying that a plausible narrative validates the
image interpretation.

Explanation design can influence perceived usefulness and trust in patient-facing healthcare systems (Z. Zhang et al.,, 2021), yet
caution is essential. Healthcare explainability may create a false sense of validation (Ghassemi et al., 2021), and plausible
explanations can obscure model failure (Babic et al, 2021). The evidence card in this study therefore describes process
evidence—triage route, candidate comparison, and matched physician-authored response checks—rather than asserting that
retrieved text is a clinical citation. This distinction aligns with governance principles that emphasize validity, reliability,
transparency, and accountable risk management (Tabassi, 2023).

Recent medical-interface studies make this distinction concrete. Lightweight MedMNIST transfer pairs predictive performance
with compact cross-modal representations (Mi et al., 2025). Subject-independent BCI research likewise treats calibration burden
and cross-person generalization as deployment variables rather than secondary statistics (Wu et al., 2025). Earlier image-
classification and hematology systems demonstrate the breadth of medical Al tasks to which this control problem applies, from
cancer images to multiple-myeloma residual-disease assessment (J. Chen et al,, 2024; Z. Zhong et al., 2020).

A parallel design literature has moved uncertainty and escalation cues into explicit card components. Radiology and breast-
ultrasound cards visually separate the prediction, uncertainty, image cue, and warning state (Ye et al,, 2025; Z. S. Zhong, Wu, &
Mi, 2025). Patient-facing safety-card frameworks similarly emphasize rubric-based risk language and interface-level
benchmarking (C. Li et al., 2025; B. Zhou et al., 2025). These precedents support the present card's narrow role: it displays routing
and verification information, while the answer itself remains the object of content and safety evaluation.

2.5 Cross-domain calibration, imbalance, and selective decision control

The statistical problem is not unique to medicine. In credit-risk studies, probability calibration and uncertainty-driven rejection
are evaluated separately from rank discrimination, while distribution-free uncertainty and model-risk explanations are treated as
governance requirements (Y. Chen et al, 2023; Jin et al, 2024b). Extreme-imbalance experiments in fraud and bankruptcy
prediction further show that nominal accuracy can conceal the class whose errors carry the highest cost (Y. Chen et al.,, 2024; Jin
et al, 2024a). Fairness-aware counterfactual credit scoring extends the same principle to human review and actionable
explanations (Xin, 2026b). These studies do not supply clinical evidence, but they justify reporting under-triage, urgent recall,
calibration, and coverage as distinct outcomes.

Operational forecasting research reaches a similar conclusion under temporal and infrastructure shift. Calibrated foundation-
model forecasts, cross-cloud transfer, few-shot cold starts, and workload-semantic risk curves all separate point performance
from uncertainty under changed operating conditions (He et al, 2024; He et al, 2025; He et al, 2023; Zhao et al, 2025).
Conformal demand envelopes and admission policies then convert uncertainty into bounded oversubscription or review
decisions (S. Chen et al., 2024; Zhao et al., 2026). Probabilistic demand forecasting under weather and seasonal regime changes
provides a further example of auditing interval coverage after shift (Xin, 2026e). Noisy-neighbor residual fusion and power-aware
inventory planning illustrate why heterogeneous context must remain visible in the decision layer (He et al., 2026; Nie & Zheng,
2024).

The broader lesson is that uncertainty can be propagated through fusion rather than reported after a decision. Late-fusion
calibration for 3D perception and macro-market uncertainty fusion provide cross-domain examples of combining signals with
different failure modes (Xin, 2025b; H. Zhou & Zhang, 2025). Theoretical work on spectral rank aggregation and group
synchronization additionally distinguishes estimator uncertainty from point recovery (Z. S. Zhong & Ling, 2024a; Z. S. Zhong &
Ling, 2024b). Approximately shared-feature analysis and cross-dataset wearable transfer show why apparent source-domain
success may not survive a target-domain change (J. Zhang, 2025; Z. S. Zhong, Pan, & Lei, 2025). Accordingly, the present findings
are reported for HealthBench and not generalized to prospective clinical traffic.

2.6 Evidence retrieval, provenance, and rubric-grounded evaluation

Evidence-aware retrieval systems increasingly expose intermediate provenance rather than presenting a generated answer as an
indivisible output. Cloud-native DevOps RAG and bilingual incident triage link retrieved operational evidence to answering and
root-cause summaries (Liu et al, 2024; B. Zhang et al., 2024). Word-level evidence-chain methods make hallucination detection,
source attribution, and deterministic provenance explicit (Jin, 2025a; C. Li et al, 2024). Although HealthBench rubrics are
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evaluation criteria rather than clinical sources, these studies motivate retaining case identifiers, retrieved checks, and match
values for every selection.

Coverage failures require a decision policy as well as a retriever. Budgeted multi-hop retrieval evaluates whether another hop is
worth its cost (Su et al,, 2025), while SQUAD 2.0 work explicitly calibrates abstention when retrieval does not support an answer
(Z. S. Zhong, Chen, et al,, 2025). Retrieval-quality prediction, accounting-aware due-diligence search, and numerical guardrails
each test a different boundary between relevant text and a defensible conclusion (Y. Chen et al., 2025; Z. Li et al., 2026; R. Zhang
et al., 2025). Scientific claim verification and multi-regulation legal RAG further demonstrate that evidence ranking must be
aligned with the kind of claim being checked (J. Li & Zhou, 2026; Su, Chen, & Qian, 2026).

Retrieval also needs to work across language and presentation settings. Trust-calibrated multilingual RAG on humanitarian
questions evaluates access and risk across languages rather than assuming that translation preserves evidence (Y. Chen & Xu,
2026). Offline reranking studies in code search, financial search, and review-grounded recommendation show that retrieval,
ranking, and explanation faithfulness can be measured as separate stages (Chang et al., 2026; Y. Li, 2024; Meng et al., 2026). A
rubric-grounded essay-scoring pipeline is especially relevant methodologically: it treats criterion coverage and auditable
feedback as linked but nonidentical outputs (Xin, 2026a). This distinction informed the use of a transparent rubric-alignment
proxy without relabeling it as the official HealthBench grader score.

2.7 Evidence cards as human-oversight interfaces

Card-based explanation is a cross-domain interface pattern, but its content must match the decision being supported. Scientific-
search cards emphasize provenance and visual evidence hierarchy, accounting-review cards connect claims to disclosures, and
recommendation cards expose the basis for ranking (Jin, 2025b; B. Zhang et al., 2025; K. Zhang et al., 2025). These designs are
not interchangeable with medical advice. Their common value is structural: each separates a recommendation, its supporting
evidence, uncertainty or limitations, and the action available to a human reviewer.

Human factors determine whether that structure helps. LLM-as-design-critic work compares generated feedback with human
graphic-design judgment (Y. Li et al,, 2025); capacity-dashboard briefs test how forecast risk becomes a concise visual decision
object (Liu et al, 2025). Incident-visualization and privacy-risk cards likewise make source evidence, integrity concerns, and
prompt-injection risk inspectable (Nie et al., 2026; Su, Rao, & Ma, 2026). The present card follows this restrained pattern by
listing three matched checks and a route, not a persuasive narrative claiming clinical correctness.

Mental-health interfaces show why timing and context also matter. A therapist-facing copilot retrieves and ranks support from
multi-turn counseling dialogues, whereas intake cards organize linked recommendations for review (Y. Zhang & H. Zhang, 20253;
Y. Zhang & H. Zhang, 2025b). Strategy-aware emotional-support response control separately evaluates whether the generated
behavior matches an intended support strategy (Y. Zhang & Zhou, 2026). These precedents reinforce the decision to keep
conversation context, selected content, and disposition behavior as separate analytic objects.

2.8 Longitudinal context, privacy, and reliability under attack

Longitudinal systems add a memory-governance problem to retrieval. Confidence-gated writing, time-aware retrieval, and
explicit update or forgetting rules reduce the risk that stale user information silently becomes current evidence (Sun et al., 2023).
Federated topic-preference learning adds a privacy-utility trade-off when personalization is distributed across users (Kuo et al,,
2025). Privacy-safe aggregate modeling under identifier loss provides a cross-domain example of redesigning the measurement
unit instead of reconstructing missing identities (Bai & Wu, 2026). HealthBench does not identify longitudinal patients, so this
study does not construct persistent memory; it treats the visible turns of each conversation as a closed context.

Reliability must also survive deliberate manipulation. Continual red-teaming targets emerging jailbreaks, while multi-stage
refusal and evidence-based self-verification aim to preserve useful responses under adversarial prompts (Zheng & Li, 2024;
Zheng et al, 2023; Zheng et al., 2024). CloudTrail attack-chain modeling demonstrates the value of retaining event order and
interpretable stage transitions (Bai et al., 2026). These security studies motivate a general design rule for medical triage:
verification should inspect behavior and evidence, not merely accept a fluent self-description of safety.

Intrusion and anomaly detection provide useful stress tests for the same layered architecture. TinyLLM and language-guided
network detectors combine compact models with operational features (Y. Li & Lu, 2025; Lu & Zhou, 2024); autoencoder-based
loT classification and predictive DDoS mitigation illustrate the class-imbalance and rapid-routing setting (Wang et al., 2024; Xin
et al,, 2024). Host-based sequence models then add suspicious-window localization and evidence-grounded forensic narratives
(Xin, 2026¢). The analogy is methodological rather than clinical: a high-risk event must be detected, localized, explained, and
escalated with each stage evaluated independently.
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Log and agent studies make the audit trail still more explicit. Multi-source root-cause attribution, retrieved normal prototypes,
and self-supervised log models compare anomaly scores with evidence useful for diagnosis (Liu et al, 2023; Xin, 2025a; Xin,
2026f). Conformal alert control and retrieval-grounded HDFS narratives add abstention and deterministic evidence generation
(Sun et al., 2026; Xin, 2026d). Cost-aware AlOps routing and generalist-agent trajectory prediction further separate task success,
failure detection, and escalation cost (C. Li et al, 2026; Z. S. Zhong et al., 2026). Together, these precedents support the
manuscript's layered evaluation without implying that infrastructure labels are substitutes for physician judgment.

3. Methodology

3.1 Dataset and analytic cohorts

The analysis used the May 7, 2025 HealthBench JSONL release. Integrity checks confirmed 60,258,154 bytes, SHA-256
€99dd3c6372¢10d6fcc5e385c5fae69d0dd40392dae56836ef9493ae324ecd2f, and 5,000 valid records. Group 1 provides physician
ideals without stored model answers; Groups 2 and 3 provide four historical answers per case. Answer positions lack model
labels, so all comparisons are candidate-level.

Table 1. Dataset composition and experimental availability

Measure Count Analytic role

Conversations 5,000 All analyses

Single-message conversations 2,915 Dataset profile

Multi-turn conversations 2,085 Dataset profile and subgroups
Physician rubric criteria 57,237 Content and safety measurement
Positive / negative criteria 39,662 / 17,575 Rubric polarity

Physician ideal completions 4,206 Proxy calibration and similarity
Four-answer conversations 2,778 Response-selection cohort

Stored historical answers 11,112 Four candidates per response case
Physician-labeled triage cases 453 Five-fold out-of-fold triage

Note. Counts were computed from the complete 5,000-record JSONL file. The response cohort consists of Groups 2 and 3;
Group 1 supplies independent retrieval material.
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Table 2. HealthBench themes, annotations, and stored-answer coverage

Theme N % Ideals 4 answers Mean Median rubrics
turns

Global Health 1007 | 21 | o1 601 215 12
(o)

Hedging 1,071 5/1 42 939 612 2.83 12
(o)

Communication 919 :/8’38 687 460 2.88 10
(o)

. 11.88

Context Seeking 594 % 552 364 3.12 13
(o)

Emergency Referrals 482 9.64% | 329 224 2.08 11

Health Data Tasks 477 9.54% | 449 296 1.85 10

Complex Responses 360 7.20% | 336 221 3.57 10

Note. Theme percentages sum to 100%. Four-answer counts identify cases eligible for deterministic candidate selection.
The file contains 57,237 rubric instances: 39,662 positive and 17,575 negative. Among 482 emergency-referral conversations, 453

had physician categories—134 non-emergent, 180 conditionally emergent, and 139 emergent—and formed the triage cohort.
The four-answer cohort contained 208 labeled emergency cases for response-level safety analysis.

HealthBench composition and stored-answer availability

Context seeking

Emergency referrals - 482
-

Health-data tasks

mmm A|l conversations
Four LLM answers

Response depth

0 200 400 600 800 1000
Conversations

Figure 1. Distribution of conversations and response-selection availability across the seven HealthBench themes. The display
labels “Uncertainty” and “Response depth” correspond to Table 2's “Hedging” and “Complex Responses,” respectively.
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3.2 Experimental architecture

Figure 2 shows the control path. Five-fold out-of-fold triage preceded retrieval of eight Group 1 cases. Their positive rubrics
ranked four stored answers by coverage, similarity, relevance, consensus, and length. Self-verification added triage-policy
compatibility; low confidence triggered abstention, and each selected answer received a separate evidence card.

Risk-calibrated post-generation control pipeline

HealthBench conversation
and physician annotations

- =i ~ - - ~

Triage path
word + character + retrieval

Response path
four stored LLM answers

Calibrated verification
probability + abstention rerank + triage policy

\ /

Rubric retrieval

Patient-facing evidence card
triage action » verification » rubric evidence

Figure 2. Risk-calibrated post-generation control pipeline used for triage, answer selection, abstention, and evidence-card
rendering.
Table 3. Experimental systems and leakage controls

Control

Component

Implementation

Direct triage

Word 1-2-gram TF-IDF logistic regression

5-fold OOF

Rubric-RAG triage

Cosine-weighted 15-neighbor retrieval

Fold-local index

Self-verified triage

Word + character + retrieval mean; temperature
scaled

Fold-local calibration

Selective escalation

Abstain below fixed confidence thresholds 0.50-0.90

No test tuning

Direct stored answer

SHA256(prompt_id)
answers

modulo four historical LLM

2,778 conversations

Rubric-RAG reranker

Eight-neighbor rubric retrieval and

candidate scoring

Group 1

Target rubric excluded

Self-verified reranker

Retrieval score + OOF triage-policy check + length
regularizer

No new clinical text

Evidence card

Selected answer plus top-three matched retrieved
rubric items

Behavioral evidence

selection.

Note. OOF denotes out-of-fold. Target-case rubrics were used only for evaluation and never for retrieval-based candidate
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3.3 Triage models, calibration, and selective escalation

The direct triage model was a class-weighted multinomial logistic regression with word one- and two-gram TF-IDF (20,000
features, C = 2.0). The retrieval baseline used cosine-weighted 15-nearest neighbors with 0.03 similarity smoothing. The
ensemble averaged the word model, a character three- to five-gram logistic regression (30,000 features, C = 1.5), and retrieval
probabilities.

Five stratified folds used seed 20,250,729. Within each training fold, 20% formed a calibration subset. Negative-log-likelihood
minimization selected a temperature for the untouched fold. Mean fold temperature was 0.471 (SD = 0.033); every downstream
triage-policy check was therefore out of fold.

Selective escalation used maximum calibrated probability at fixed thresholds 0.50-0.90. Below-threshold cases were routed for
review; accepted conditional or emergent predictions were routed urgently. Coverage measured acceptance, risk measured
accepted-case error, and urgent-route recall credited urgent predictions and abstentions. Test folds did not tune thresholds.

3.4 Rubric retrieval, candidate selection, and evidence cards

The response experiment included all 2,778 conversations with four stored answers: 1,485 Group 2 and 1,293 Group 3 cases.
Direct selection used the full prompt-identifier SHA-256 integer modulo four. Rubric-RAG fitted 30,000-feature word TF-IDF
retrieval on 1,428 Group 1 prompts; eight neighbors supplied positive criteria. Target rubrics and physician ideals never entered
selection.

Candidates and criteria used L2-normalized, fit-free 2” 14-dimensional word and 2~ 14-dimensional character hashing features. A
Group 1 calibration procedure compared every positive rubric with its own physician ideal and a same-theme mismatched ideal.
Among 12,010 matched and 12,010 mismatched pairs, the selected similarity threshold was 0.1116, producing F1 = 0.678 and
balanced accuracy = 0.641. Rubric coverage was positive rubric weight meeting that threshold.

Rubric-RAG combined coverage (0.45), criterion similarity (0.15), prompt relevance (0.15), candidate consensus (0.15), and excess
length (-0.05). Self-verification added 0.20 for out-of-fold triage-policy compatibility and 0.025 for median-length fit. Emergent
cases required urgent language in the first three sentences; conditional cases required urgent and conditional language; non-
emergent cases penalized unconditional early emergency advice.

Evidence cards ranked retrieved criteria by 0.8 answer similarity plus 0.2 normalized rubric weight, deduplicated them, and
retained three. Each card stated the triage route, four-candidate/eight-case verification, matched checks, and a safety note. All
2,778 JSONL records retained source identifiers and match values. Content metrics used the unchanged clinical answer; card
length was separate.

3.5 Outcomes and statistical analysis
Table 4. Primary outcomes, operational definitions, and denominators

Outcome Operational definition N

Triage macro-F1 Unweighted mean F1 across non-emergent, conditional, and emergent classes 453
Urgent recall Recall after combining conditional and emergent cases as urgent 319
Under-triage Fraction of 453 cases with predicted ordinal severity below the physician label 453

ECE Ten equal-frequency bins of confidence versus observed correctness 453 /1,293
Multiclass Brier Mean unhalved sum of squared error across three classes; range 0-2 453

Rubric alignment Positive-rubric-weighted hashed similarity coverage at the calibrated threshold 2,778
Physician-ideal similarity Cosine similarity between hashed answer and physician ideal representations 2,778
Triage-policy error Rule-based failure to express the physician-labeled referral behavior 208
Evidence top-3 coverage :\asc\:,:cli:rn of the three highest-weight target positive rubrics covered by the 2778

Note. Response content measures are deterministic lexical-semantic proxies. They are not the official HealthBench model-grader
score and do not substitute for clinician judgment.
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Table 4 defines all outcomes. Physician-ideal similarity is hashed word—character cosine rather than a clinical semantic grade.
Group 2 trained response confidence to predict whether selected-answer similarity reached the within-case candidate median;
Group 3 tested it. This measures relative selection, not absolute medical correctness.

Paired response and triage differences used 1,000 conversation-level bootstrap resamples; discordant triage correctness also
used an exact McNemar comparison. Fixed selections supported theme, axis, group, turn, and ablation analyses. Timed blocks
covered triage cross-validation and response reranking only.

4. Results and Discussion
4.1 Triage discrimination and calibration
Table 5. Five-fold out-of-fold triage performance on 453 physician-labeled cases

Method Acc. SZI: macro' i?e"t Eg‘éeer' ECE | Brier | NLL

Direct TF-IDF 0614 | 0620 | 0620 | 0859 18.5% 0126 | 0525 | 0.887
Rubric-RAG kNN 0583 | 0573 | 0578 | 0875 18.5% 0082 | 0530 | 0951
Self-verified ensemble 0642 | 0641 | 0645 | 0.881 16.1% 0058 | 0480 | 0.802

Note. Lower values are better for under-triage, ECE, Brier, and NLL. Brier is the unhalved three-class score.

The self-verified ensemble led on accuracy 0.642, balanced accuracy 0.641, and macro-F1 0.645. Relative to direct TF-IDF, macro-
F1 increased by 0.025 (95% Cl —0.003 to 0.054). The ensemble corrected 31 direct errors and introduced 18 (exact p = 0.085); the
point estimate favors the ensemble, but 453 cases do not resolve a small advantage conclusively.

Safety-oriented metrics moved in the same direction. Urgent recall increased from 85.9% to 88.1%, and under-triage decreased

from 18.5% to 16.1%. kNN raised urgent recall but lowered macro-F1 and non-emergent recall, favoring safer but less specific
escalation. The ensemble balanced that tendency.
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Out-of-fold emergency-triage confusion matrix
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Figure 3. Out-of-fold row-normalized confusion matrix for the self-verified ensemble.
Conditional urgency was hardest because its language overlaps reassurance and immediate escalation. The ensemble recovered

70.5% of emergent cases and 64.4% of conditional cases, compared with 67.6% and 55.0% for direct TF-IDF. Its non-emergent
recall was below the direct model's 63.4%, consistent with shifting marginal cases upward.
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Figure 4. Reliability curves for the three triage systems using ten equal-frequency confidence bins.
Calibration improved more clearly than discrimination. ECE fell from 0.126 for direct TF-IDF and 0.082 for kNN to 0.058 for the
scaled ensemble; Brier score and negative log likelihood were also lowest. Figure 4 shows smaller confidence—accuracy gaps after

temperature scaling.

Table 6. Selective escalation for the calibrated self-verified triage ensemble

Threshold Coverage Selective risk Accepted Abstained Urgent-route recall
0.50 77.0% 31.2% 349 104 92.8%

0.65 42.6% 26.4% 193 260 96.2%

0.70 32.0% 22.1% 145 308 98.1%

0.80 15.5% 12.9% 70 383 99.4%

0.90 2.6% 0.0% 12 441 100.0%

Note. Abstained cases were counted as routed for review. Selective risk is the error rate among accepted cases.

Selective escalation exposed the operating trade-off. At 0.50, 77.0% of cases were accepted with 31.2% selective risk and 92.8%
urgent-route recall. At 0.70, coverage fell to 32.0%, risk to 22.1%, and urgent-route recall rose to 98.1%. At 0.80, only 15.5% were
accepted, with 12.9% risk and 99.4% urgent-route recall. At 0.90, 12 cases were accepted without an observed error and every
urgent case was routed; this small endpoint does not establish zero future risk.
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4.2 Response selection and safety behavior
Table 7. Response-selection outcomes on 2,778 four-candidate conversations

Rubric Ideal Policy Emergent | Conditiona | Top-3
Method align. sim. error rec. I rec. cov. Words
Direct stored answer 0.801 0.642 53.8% 32.3% 23.1% 0.824 298.8
Rubric-RAG reranker 0.845 0.676 54.8% 33.9% 19.8% 0.861 304.9
Self-verified reranker 0.845 0.675 42.3% 56.5% 33.0% 0.861 304.0
\c/:rrc'jf'ed + evidence | oys 0.675 423% 56.5% 33.0% 0.861 406.3

Note. Content metrics use the selected clinical answer. For the evidence-card method, Words includes the displayed card; the
answer itself is identical to the self-verified selection.

Rubric-RAG produced the highest overall rubric-alignment point estimate (0.845) and physician-ideal similarity (0.676),
compared with 0.801 and 0.642 for direct selection. Mean length rose by fewer than ten words before the card. Retrieval

increased coverage of the three highest-weight target rubrics from 0.824 to 0.861.

Retrieval alone did not improve referral safety. Its triage-policy error proxy was 54.8%, slightly above the direct baseline's 53.8%.
Adding the out-of-fold policy check reduced the error to 42.3% while preserving a rubric-alignment score of 0.845. Emergent
early-referral recall rose to 56.5% versus 32.3% directly, and conditional recall exceeded both baselines. Retrieval selected better

content; the triage constraint selected safer disposition behavior.

Post-generation control on 2,778 physician-anchored conversations

Rubric-alignment proxy

Emergent referral recall
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Figure 5. Rubric alignment, physician-ideal similarity, emergent-referral recall, and top-three evidence coverage across response-
selection methods.
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Table 8. Paired response differences with 1,000-bootstrap 95% confidence intervals

Comparison Metric Mean difference 95% Cl Paired N
RAG - Direct Rubric alignment 0.044 [0.039, 0.049] 2,778
RAG - Direct Ideal similarity 0.033 [0.026, 0.040] 2,778
Verified — Direct Rubric alignment 0.043 [0.038, 0.049] 2,778
Verified — Direct Ideal similarity 0.033 [0.025, 0.041] 2,778
Verified - RAG Rubric alignment -0.001 [-0.002, 0.000] 2,778
Verified - RAG Ideal similarity -0.000 [-0.002, 0.002] 2,778
RAG - Direct Policy error 0.010 [-0.038, 0.058] 208
Verified — Direct Policy error -0.115 [-0.168, -0.062] 208
Verified — RAG Policy error -0.125 [-0.168, -0.082] 208

Note. Positive differences favor the left method for alignment and similarity; negative differences favor it for policy error.
Bootstrap inference separated the robust effects from near ties. RAG exceeded direct selection in rubric alignment by 0.044 (95%
Cl 0.039 to 0.049) and ideal similarity by 0.033 (0.026 to 0.040). Self-verification and RAG did not differ clearly on content, but

self-verification reduced policy error by 0.125 (95% Cl 0.082 to 0.168 in absolute magnitude) without a material content loss.

Table 9. Group 2-to-Group 3 calibration of relative candidate success

Method Group 2 Group 3 Accuracy Brier ECE NLL
Direct stored answer 1,485 1,293 0.553 0.261 0.126 0.719
Rubric-RAG reranker 1,485 1,293 0.614 0.239 0.065 0.673
Self-verified reranker 1,485 1,293 0.609 0.242 0.074 0.679
Verified + evidence card 1,485 1,293 0.609 0.242 0.074 0.679
Note. The binary target indicates whether selected-answer ideal similarity reached the within-case median among four
candidates.

RAG had the highest Group 3 accuracy and lowest Brier, ECE, and NLL. Self-verification remained better calibrated than direct
selection but trailed RAG because its policy check targets referral behavior, whereas the confidence target uses ideal-text
similarity. Quality and disposition safety need separate probabilities.

4.3 Theme, axis, and subgroup performance
Table 10. Self-verified response performance by HealthBench theme

Theme N Rubric alignment Ideal similarity Top-3 coverage
Communication 460 0.900 0.686 0.904
Hedging 612 0.810 0.672 0.850
Emergency Referrals 224 0.909 0.658 0.924
Global Health 601 0.752 0.681 0.759
Health Data Tasks 296 0.902 0.655 0.917
Complex Responses 221 0.859 0.692 0.885
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Theme N Rubric alignment Ideal similarity Top-3 coverage

364 0.676 0.892

Note. N is the number of four-answer conversations in each theme.

Context Seeking 0.891

Theme analysis identified global health as the hardest content domain: self-verified rubric alignment was 0.752 and top-three
coverage 0.759. Hedging was next lowest at 0.810. Four themes exceeded 0.890. Variation in resources and care pathways may
weaken eight-case lexical transfer, cautioning against geographically uniform safety claims.

Risk-coverage

Theme-level rubric alignment
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Figure 6. Selective triage risk—coverage relationship and theme-level rubric-alignment heat map.

Table 11. Positive-rubric coverage by evaluation axis

Axis Valid N Direct Rubric-RAG Self-verified
Accuracy 2,342 0.820 0.861 0.861
Completeness 2,432 0.821 0.857 0.855
Context Awareness 1,916 0.821 0.880 0.881
Communication Quality 1,248 0.676 0.742 0.738
Instruction Following 598 0.743 0.821 0.822

Note. Valid N varies because not every conversation contains a positive rubric for every axis.

Retrieval improved all five axes. The self-verified system covered 0.861 of accuracy weight, 0.855 of completeness weight, 0.881
of context-awareness weight, 0.738 of communication-quality weight, and 0.822 of instruction-following weight. Communication

quality remained weakest despite strong theme-level performance, indicating persistent style, empathy, or clarity gaps.

Table 12. Self-verified response outcomes by completion group and conversation length
Group Conversation N Rubric alignment Ideal similarity Policy error
Group 3 Single-message 769 0.874 0.659 34.9%
Group 2 Multi-turn 653 0.798 0.681 48.8%
Group 3 Multi-turn 524 0.831 0.632 25.6%
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Group Conversation N Rubric alignment Ideal similarity Policy error

Group 2 Single-message 832 0.863 0.713 55.6%

Note. Policy-error denominators include only physician-labeled emergency-referral cases within each subgroup.

Group 2 single-message cases had the highest physician-ideal similarity (0.713), whereas Group 3 multi-turn cases had the
lowest (0.632). Rubric alignment was also lower for multi-turn conversations in both groups. Policy error used smaller
emergency-only denominators and did not track content monotonically. Multi-turn state tracking and separate safety evaluation
remain necessary.

4.4 Ablation, card production, and practical interpretation
Table 13. Response-selection ablation analysis

Configuration Rubric align. Ideal sim. Policy error Top-3 cov. Words
Full self-verification 0.845 0.675 42.3% 0.861 304.0
No triage-policy check 0.845 0.676 54.8% 0.861 304.9
No rubric retrieval 0.801 0.642 53.8% 0.824 298.8
No length regularizer 0.845 0.676 42.3% 0.861 304.6
No candidate consensus 0.846 0.673 42.3% 0.862 299.0

Note. Each row used the same 2,778 conversations. Removing rubric retrieval reverts to the deterministic direct-selection rule.

The ablation results locate the main mechanisms. Removing the triage-policy check returned policy error to the RAG level while
leaving content scores essentially unchanged. Removing rubric retrieval caused the largest content loss and worsened policy
error. Length and consensus had smaller effects. The system therefore depends on retrieval for coverage and the policy check for
safety.

Table 14. Timed stages and patient-facing evidence-card output

Stage Examples Total time (s) Per-example (ms) / output
Response reranking 2,778 240.14 86.44

Triage cross-validation 453 19.55 43.15

Evidence-card rendering 2,778 Included in reranking 102.3 mean card words
Structured card output 2,778 2,778 JSONL records 3.0 checks per card

Note. Timing excludes data loading, threshold calibration, retrieval-index construction, file writing, and plotting.

Triage cross-validation required 19.55 seconds, and response reranking required 240.14 seconds. The pipeline generated exactly
2,778 evidence cards, each with three matched checks; their mean added length was 102.3 words. Cards changed display length,
not the selected answer or its scores, so routing and verification remain separately inspectable.

The empirical findings support a layered safety architecture rather than a single composite score. Content retrieval, triage
discrimination, probability calibration, answer-policy checking, abstention, and explanation each solved a different problem.
None established clinical validity. Hashed text similarities can miss contradictions, dose errors, and unsupported claims; referral
rules can miss paraphrases or reward formulaic warnings. The 208-case emergency response subset also yields wider uncertainty
than content results.

The stored answers also bound the interpretation. The experiment selects among four historical candidates and does not
compare current foundation models by name. It tests fixed-set post-generation control, not a newly trained model. All groups
share one benchmark distribution. External validation should add prospective messages, clinician adjudication, diverse care
pathways, and delayed-harm outcomes.

Page | 50



Vol. 2 No. 1 (2026): Stout in Medical Science, Biology and Chemistry: 36-55

The VLM extension is conceptually direct but empirically separate. A radiology or dermatology system could place image
regions, report statements, uncertainty, and triage route on an imaging explanation card. Visual grounding still requires image-
level experiments and expert localization. These text results support the control logic without claiming image-interpretation
performance.

5. Conclusions

A full empirical evaluation of HealthBench 2025 showed that deterministic post-generation controls can improve distinct
dimensions of medical LLM behavior. Rubric retrieval raised weighted content coverage and similarity to physician ideals across
2,778 four-answer conversations. An out-of-fold triage-policy check preserved those content gains while substantially reducing
unsafe referral behavior in the physician-labeled emergency subset. The temperature-scaled triage ensemble produced the best
discrimination, calibration, and under-triage point estimates among the tested systems, and confidence-based abstention
exposed a clear risk—coverage trade-off. Patient-facing evidence cards made the selected route and verification basis inspectable
for every response.

The results also define the remaining work. The macro-F1 advantage over direct triage had an interval that included zero,
communication-quality coverage remained weakest, and global-health conversations formed the hardest theme. Text-similarity
and rule-based safety measures require clinician validation, and a card must not be mistaken for proof that the underlying advice
is correct. Accordingly, the strongest use case is a clinician-supervised system that retrieves relevant quality criteria, checks
disposition behavior, abstains when confidence is low, and presents a concise evidence card. This architecture is also a practical
template for future medical VLM studies in which image findings and patient-facing explanations must be linked to calibrated
referral decisions.
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